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In Brief
Complex behaviors are composed of simpler movements. Marques et al. developed a method that detects movement types and show that larval zebrafish use a simple set of swimming patterns. This classification is used to map sensorimotor transformations that occur in hunting and social behavior and describe the organization of sequences of movement.
INTRODUCTION
Animals produce complex behaviors-and adapt them flexibly-to accomplish ethologically relevant goals, such as escaping predation, interacting with conspecifics, and hunting. The task of providing simple quantitative descriptions of such behaviors is challenging, because they often consist of elaborate and variable sequences of movement that are organized at multiple timescales [1] . Identifying sets of basic movements, typically by careful human observation, and describing how these are arranged in sequences has proven to be a useful step in creating simplified descriptions, which are connected to the underlying motor system organization [2] . Several key questions in formulating such a description involve how the basic units of behavior should be defined. First, how can we obtain movement data with enough temporal and spatial resolution, and over a sufficient variety of contexts, to capture the full spectrum of behavior? Second, what are the timescales at which behavior is organized and how are the boundaries between different movements determined? Finally, at what point should two different movements be considered distinct versus parts of continuum without clear boundaries [3] ? We set out to describe the movement repertoire, at multiple timescales, of zebrafish larvae, a genetically tractable model organism that is well suited for connecting behavior to neural circuit function [4] , thanks to the capacity for whole-brain functional and structural imaging, and large-scale chemical and genetic screens [5] [6] [7] [8] .
The swimming of week-old zebrafish can be segmented very naturally into discrete units in time. They swim in a ''burst and glide'' fashion, propelling themselves by short bursts of tail movement, or swim bouts, alternating with interbout periods, where the fish only moves passively through the water (middle trace, Figures 1A and 1B) . Whereas demonstration of hierarchical organization in behavior requires careful analysis in animals that move more continuously [9] , zebrafish larval locomotion has three natural levels. Each swim bout itself consists of an alternating sequence of left or right tail bends, termed ''half beats'' (lower trace, Figure 1B ). Bouts themselves are organized in sequences (upper trace, Figure 1B ) that enable larvae to accomplish goals at longer timescales, including precise control of speed [10] or exploration of the environment [11, 12] . Zebrafish larvae show a variety of adaptive behaviors, including stabilizing reflexes [13] , prey capture [14] , avoidance of threats [15] , and taxis responses [16] , that can be robustly elicited by presentation of simple stimuli.
However, given that a comprehensive sampling of behavioral motifs is possible using zebrafish larvae, how should different types of movements be identified? From observations of highspeed video recordings, several swim bout types, with distinct kinematics, have been described [17] . Recently, support vector machines (SVMs) [18, 19] and a fuzzy K-nearest neighbor method [20] have been used to automate bout type identification. These methods rely on a training step using a manually labeled dataset, potentially introducing a subjective criterion, and, because most studies use different methodologies and have focused on subsets of the larva's behavioral repertoire, there has not been a clear agreement on the appropriate classification [18, 20] .
Whereas supervised machine learning methods are a powerful tool for quantifying behavioral data in many species [21] , clustering using unsupervised methods provides a way to discover structure in datasets in an objective manner without the need for prior knowledge and can, in principle, be used to identify whether (C) Zebrafish larvae were shown a set of acoustic and visual stimuli (see Table S2 ).
(D-G) Equal number of bouts (1,000) were picked at random from nine behavioral contexts.
(D) Max angular speed ( /ms) versus max bout angle ( ).
(E) Forward movement (mm) versus bout angle ( ).
(legend continued on next page) a space of movements is continuous or whether it consists of clusters of distinct types [3] . Unsupervised approaches are increasingly used to find behavioral motifs and have been applied in several model organisms, including nematodes [22] [23] [24] , fruit flies [25, 26] , and mice [27] as well as in zebrafish larvae [28] .
However, there exist a number of difficulties in implementing these approaches. First, the notion of a cluster is not rigidly defined, and there may be many valid ways to partition the same dataset [29] . Second, it is important that the input data adequately represent the classes of interest. Finally, these methods may require setting a threshold to ignore noise or tuning of other parameters in order to define the number of clusters. Studies that aim to categorize behavior using data either from spontaneous locomotion alone or from a small set of behavioral contexts will miss behavioral categories that are only present in specific contexts and may identify classes that result from distinct degrees of modulation of a single movement type. Thus, the solutions encountered by unsupervised classification can vary with the particular method used and may consist of different or fewer classes than would be identified by classical ethological methods.
We employed a two-step clustering methodology that was specifically designed to mitigate these issues. We recorded the behavior of zebrafish larvae in a variety of contexts while varying stimulus parameters over a wide range and identified, for each condition, sets of bouts that cluster in kinematic space. We then applied a fully automated, density-based clustering method (clusterdv) that we have systematically validated [30] and which enabled us to obtain consistent partitioning of our data. In a second clustering step, we grouped these bout clusters together based on the similarity of their distributions. This method identified several swim types that agreed very well with previous experimental observations, as well as revealing novel categories. Consideration of these categories allows new insights into the processes underlying sensorimotor behaviors, including prey capture and social interactions. Analysis of behavior at different behavioral timescales from individual tail movements to sequences of bouts reveals similar structured organization. Distinctions between high-level behavioral types can arise from the use of different categories from lower hierarchical levels or from the use of a set of common elements in different combinations. We discuss implications of this behavioral structure for understanding the organizing principles in the underlying neural circuits.
RESULTS

Real-Time High-Speed Video Tracking of Larval Zebrafish Enables Automatic Detection of Behavior
We aimed to characterize the zebrafish larva's repertoire of movements across distinct temporal scales. We tracked the behavior of groups of 1-9 larvae ( Figure 1A ) at 700 frames per second, including head position, heading direction, tail posture, and, for smaller arenas, eye position, using real-time image processing. From these data, we could reliably detect all the half beats and swim bouts that fish executed ( Figure 1B) . Accurate real-time tracking allowed for long-duration recordings and closed-loop control of visual stimulus presentation. A potential difficulty in detecting the full repertoire of movement is that some types of movements occur rarely, if at all, during spontaneous swimming but may nevertheless be elicited with high probability by a particular stimulus. Additionally, one continuous type of movement may be modulated by a stimulus parameter, giving the appearance of two separate movement types, if only the extreme stimuli are considered. To minimize these difficulties, we recorded larval swimming in an array of typical behavioral contexts where differences in swimming patterns have been described (Table S1 ) [10, [31] [32] [33] [34] [35] [36] [37] [38] [39] and systematically varied the stimulus parameters ( Figure 1C ; Table S2 ), creating a rich and diverse dataset of larval behavior with over 11 million half beats and 2 million bouts that were organized into tens of thousands of continuous sequences.
Movements of Zebrafish Larvae Form Clusters in Kinematic Space
We first looked for evidence of clustered organization in behavioral data. We transformed each bout of swimming, originally composed of continuously varying position and tail tracking data, into individual data points that exist in a reference space based on an array of 73 representative kinematic parameters (see Table S3 and STAR Methods for details). For every behavior we investigated and every kinematic parameter, the bout data points were arranged in clusters whose distribution varied substantially between behavioral contexts (for examples, see Figures  1D-1F) . When a selection of 9,000 bouts gathered across all conditions is plotted in the space of the first two principal components (PCs) of kinematic parameters, regions of high density are evident (black points in Figure 1G ) and each behavioral context was associated with a distinct distribution of bouts in this space (color dots in Figure 1G) . However, what kinematic features does this space represent? The axes of the principal-component analysis (PCA) space are composed of weighted combinations of kinematic parameters that, in the case of the first four PCs, are formed by related sets of kinematic parameters, namely parameters related to the angular speed and tail movement amplitude (PC 1), the second half beat amplitude (PC 2), movement of the fish through the water (PC 3), and the third half beat (PC 4; Table S4 ). Thus, these data show that the first few PCs of bout kinematics form a feature space that represents structure in bout data that vary with the behavior that fish are performing.
Two-Stage Clustering Approach Reveals Thirteen Bout Types
Because the bout data showed a prominent clustered structure, we aimed to identify the set of swim types that were being (F) C2 (second half beat) max angular speed ( /ms) versus C2 angle ( ).
(G) Distribution in kinematic PC space of all bouts that were picked (black dots) and specific bouts for each behavioral context (color dots). Colors represent behaviors according to legend.
(H) Analysis pipeline of the two-stage clustering approach used to identify and classify bout types. The first clustering step is marked in green, and the second clustering step is highlighted in red. See also Figure S1 . (legend continued on next page) used by these larval fish. However, because some bout types may be observed very rarely and only in response to a particular stimulus, we used a two-stage process that served to identify clusters that only appear in certain contexts and to correct biases in how many times each behavior is sampled (Figure 1G ). To maximize our chances of observing rarer swim types, we divided the data into individual sets corresponding to a single paradigm and stimulus parameter ( Figure S1A ). We placed all the bouts into a low dimensional space defined by the first four PCs of the kinematic parameters and identified clusters of bouts in each set ( Figure S1A ). To do this, we developed a clustering approach, based on an algorithm we developed, clusterdv [30] , which can make a reliable, unsupervised estimation of the number of density-based clusters across many datasets. The reliability of this method is key, because it is very important that, if the same behavioral cluster is observed in multiple contexts, it is identified correctly and consistently. The whole set of clusters from this first step were pooled to form a library of putative swim classes. Some pairs of these bout clusters overlapped substantially in their distributions of kinematic parameters, whereas others were more distinct ( Figure S1B ). The similarity of different swim clusters was quantified along the direction that best separated them (see STAR Methods and Figure 2A ), and this similarity measure was used to embed the clusters into a 3-dimensional space using t-distributed stochastic neighbor embedding (t-SNE). Clusterdv was then applied to identify the number of groupings ( Figures 2B and 2C ) [30] . Because t-SNE has a non-convex objective function that is initiated randomly, it is possible that cluster assignment will not be repeatable [40] . Therefore, we repeated the whole process 200 times and used Ensemble Clustering to identify the most common groupings (see STAR Methods) [41] . The points were assigned consistently into the same 13 groups ( Figures 2D and 2E) . A similar solution was also obtained by using non-metric multidimensional scaling to embed the data ( Figures S1C-S1H) . Figure 2F shows the density distribution, in kinematic space, of equal numbers of bouts selected randomly from each of these 13 cluster groupings. They form 13 broad peaks, which tile a region of kinematic space. Within this region, bouts were found at almost every position, with the 13 peaks denoting preferentially used combinations of swim kinematics. We observed that increasing the number of PCs used to construct the PC space, up to four, helped to distinguish more bout categories ( Figures S2A-S2D ), but beyond this, adding more dimensions to the space did not reveal any further structure. Every bout type showed unimodal distributions in the main PCs ( Figures S2E-S2I ) and for key kinematic parameters ( Figures  S2J-S2X) , with the exception of the rarer capture swim types, which displayed some weak residual structure. We interpret these results as indication that larval bouts cluster into distinct types, and this description captures well the structured organization present at this level of behavior.
Bout Types Show Distinct Movement Shapes that Are
Stereotypical within Group Figure 2G shows the sequence of tail postures associated with the bout nearest to the centroid of each cluster. We have named each bout type, following, where possible, the nomenclature used in previous studies. Several classes mapped very clearly onto previously described swim types, but at least five did not. Three of the bouts are largely symmetrical, slow forward swims with varying amplitude envelopes, named ''approach swims'' (ASs) and slow types 1 and 2. Two of the swims were associated with the final movements in hunting sequences, named short and long capture swims (short CSs and long CSs, respectively). One was a burst type forward swim with high tail-beat frequency (BS). Two turns were identified with a sustained asymmetric posture of the tail, which included J-turns associated with prey orientation behavior and a larger amplitude movement we called a highangle turn (HAT), that were used in multiple behaviors: prey orientation; spontaneous swimming in the light; and in response to large-angle optomotor response (OMR) gratings. The remaining bouts all consisted of a large initial deflection of the tail and subsequent decaying oscillation and included fast C-start escape swims (SLC), slower movements with kinematics consistent with long latency C-starts (LLC), O-bends, and routine turns (RTs). One bout type, which shared features with the O-bend and routine turns, occurred in response to looming stimuli, so we called it the spot avoidance turn (SAT). With the notable exception of the long CS type, most bout types are highly stereotypical within group ( Figure 2H ; Movie S1).
Use of Bout Types across Behaviors
How are bout types recruited across behaviors, and do stimulus parameters modulate bout choice? Figure 3A shows the probability of observing each of the 13 bout types, divided by behavioral context and stimulus (for statistical analysis, see Figure S3 ). Under every condition, the fish use a small subset of the available bouts. With the exception of some of the dimming stimuli, all stimuli are associated with at least two bout types. In many of the behaviors, the choice of bout types changes smoothly with the relevant stimulus parameter. For example, slow 2 predominates in the dark, with slow 1 being recruited more and more as the light intensity increases. In responses to drifting gratings in the tail to head direction, slow 1, slow 2, and burst swim probabilities peak at progressively higher speeds. Slow swim types are mostly used in response to drifting gratings oriented at small angles with respect to the fish, whereas routine turns are recruited for intermediate angles and HATs are present for large-angle stimuli. Responses to expanding spots show a similar order, with the probabilities of routine turns, SATs, and O-bends peaking at increasingly fast expansion speeds. How is bout choice modulated by naturalistic stimuli? To answer this question, we set up two assays with real-world stimuli that we were able to track in our setup: namely rotifers that fish hunt (Movie S2) and conspecifics that larvae at this age avoid at See also Figure S2 .
close range (Figures 4A and 4B) [42] . It can be seen that bout choice distribution is distinct for both behaviors ( Figure 3A ). This is not surprising because prey capture is an attractive behavior, and in the social context, fish preferably avoid each other. However, when we map the frequency of the ''stimulus'' around the fish and divide the bouts by type, direction (magenta and green distributions), and, in case of prey capture, eye convergence state ( Figures 3B and 4E ), we observe, for both contexts, that all bout types, even the rarer ones, are associated with different spatial distributions of the stimuli. Also, there are hidden similarities in these two behaviors (compare Figure 3B with Figure 4E ). In both contexts, the fish use J-turns and ASs to move closer to the ''stimulus,'' whereas most other turns are used to move away. There are also notable differences between the two contexts: first, larvae respond to rotifers at much closer range than to conspecifics. Second, CSs during prey capture occur mainly when the rotifers are in a 600-mm-diameter region directly in front of the fish ( Figure 3B ), whereas in the social context, while they also happen when the second fish is close to the focal fish, this is irrespective of direction. This indicates that, in prey capture, these bouts are attractive, whereas in the social context, they may be used for avoidance ( Figure 4E ). Overall, this bout categorization reveals features of sensorimotor mapping during multiple behaviors that cannot be detected from fish or tail positions alone.
Larval Social Behavior Is Governed by Multiple Sensory Modalities
We also observed that social avoidance is still present in darkness (Figures 4A and 4B) but with only close-range interactions taking place ( Figure 4F ), indicating that bout choice in the social context is dependent on a mixture of visual and non-visual cues ( Figures 4C and 4D ). Fish execute particular movement types in response to the location of other fish, but do they respond with specific bout types to the movements that other fish execute? It has been observed that larvae often escape in response to the escapes of others [10, 18, [43] [44] [45] [46] [47] . Normalized cross-correlograms of bout types ( Figure S4 ) show that turns and rapid swims executed by one fish can often elicit responses in other individuals at short latency. SLC swims occur at 111 times higher rate within 25 ms of the same swim in a nearby fish ( Figure S4A ). Whereas the fast swim types, associated with avoidance, often occur within a short time of one another, there is also, as previously described [48] , a weak tendency to swim synchronously in the light, but not the dark (compare Figure S4A with Figure S4B ). This tendency is mostly confined to a group of four swim types: the two slow bouts, routine turns, and HATs (Figure S4A ). In sum, the bout categorization enables to explain the subtle differences of larval social behavior in the light and darkness and shows that these young larvae are able, to a certain extent, to discriminate movement types made by conspecifics, even in the dark.
Movement Repertoires at the Half Beat and Sequence Levels of the Behavioral Hierarchy
Although knowing the fish's bout choice is useful to understand how sensory cues modulate motor output, larval behavior is also organized at other timescales. For instance, larvae arrange bouts in sequences during hunting ( Figures 5A and 5B) or to control speed ( Figure 5C ) [10] . In all behavioral contexts we observed, there was a significant tendency for bout transitions to be nonrandom. For example, during spontaneous swimming in the social context, for which we had the largest dataset of 1,434 fish, 96 out of 169 possible bout transitions occurred at a rate different from that expected from each bout's raw frequency (p < 0.05; with Bonferroni correction for 169 possible bout pairs tested). In the same dataset, 46 out of 2,197 bout triplets occurred at frequencies different from those predicted from two-bout transitions (p < 0.05; Bonferroni corrected for 2,197 comparisons). For most behaviors, we observed that sequences were modulated by stimuli ( Figures S5 and 6A-6H) . At a shorter timescale, swim bouts consist of a series of side-to-side movements or ''half beats''. We wondered whether these other behavioral levels also showed evidence of clustered organization or formed a smooth continuum. To test this, we created movement spaces at the sequence ( Figure S6A ) and at the half beat levels (Table S5 ; Figure S7A ). We found that sequence and half beat data also show structure that was captured by our clustering approach ( Figures 6J and 7A-7D ), being divided into 10 ( Figures  6K and S6 ) and 17 types, respectively ( Figure S7 ).
Interactions between Levels of the Behavioral Hierarchy
Because larval locomotion has a clear hierarchy of behavioral levels and we can identify behavioral categories existing at each of these levels, we can ask: how are behavioral categories at lower levels combined at higher levels? Can we understand the differences between types at one level in terms of their composition of lower level elements? Two patterns become evident when we calculate the average ethograms for each sequence type ( Figure 6K ). A few specialized bout types are present in only one sequence type. Thus, fast swimming, hunting, social avoidance, and fast avoidance are the only sequences that have high probability of, respectively, burst swims, J-turns, SLCs, and O-bends. However, there are other types of sequences, for example, phototaxis and spontaneous swimming in the light, that are made of similar, nonspecific bout types. These sequence types are distinct between each other due to subtle differences in bout probabilities and higher order transition between bout types ( Figures S6D, S6E , and S5). Thus, using the probabilities of bout types alone is not sufficient to give a clear-cut clustering solution to categorize the sequences (Figures S6B and S6C ). In spite of the distinctions between some sequence types being subtle, there is, nevertheless, a clear correspondence between the sequence types and the behavioral condition in which they are observed ( Figures 6I, 6J , and S5). Similar to the sequence level, are bouts composed of specialized half beat types? In Figure 7E , we computed the probability that types of half beats (rows, Figure 7E ) are present in bout types (panels, Figure 7E ) and in specific positions within a bout (columns, Figure 7E ). This analysis makes clear the subtle differences between bout types. For example, the O-bends and SAT share the same type of first half beat but diverge later in the sequence. The O-bends share similar early and late half beats to LLCs and SLCs, whereas SATs share them with routine turns. The burst swims have unique half beat types in all positions that are not present in any other type of bout. The first and second half beat of the long CSs are specific to this type of bout. The early and late components of the LLC and SLC swims are common, but the first and second components are completely distinct [31] . AS, slow 1, slow 2, and short CS share the same type of first half beat but diverge substantially in the later components. In sum, most half beat types occupy typical positions in the sequences that form the bouts and a few, mostly occurring in the first positions, are specific to particular bout types. 
DISCUSSION
Exploiting the full potential of the zebrafish as a model for circuit neuroscience, neurological disease, and chemical and genetic screening depends on a quantitative understanding of behavioral output [49] . We set out to determine the locomotor repertoire of larval zebrafish over a spectrum of behavioral conditions. Using a real-time, high-speed tracking system, we gathered a collection of millions of swim bouts from thousands of individual zebrafish. We applied a two-stage clustering approach, which aims to counteract experimental bias in sampling different behaviors, to obtain an objective determination of the number and identity of movement categories. This method was based on clusterdv, a fully automatic, density-based clustering method that was validated on ground-truth examples [30] . We find that the larvae's repertoire of swim bouts is composed of thirteen preferred kinematic types that larvae execute in sequences specific to each behavioral context. Zebrafish locomotor behavior has a clear hierarchy in temporal organization, and using the same approach, we find that a similar, clustered organization exists at different levels and that the overall structure is an overlapping rather than strictly branching hierarchy, in which categories at one level consist of different, overlapping combinations of the basic units found at the level below ( Figure 7F ). , and an analysis of posture sequences in Drosophila larvae and C. elegans found mainly unimodal density distributions [3] . Whereas we observed clear density peaks in the distribution of swim bout kinematics, points could nevertheless be found, albeit at lower density, in the space between. All of the bout types are modulated to some degree, often in a stimulus-dependent manner, which acts to fill out the space. It could be argued that some categorical distinctions could be due to sampling gaps in distributions caused by missing data that would be present if other stimuli or behaviors were tested. Although this is hard to rule out completely, we have tried to mitigate this possibility by combining data over a wide range of behaviors and parameter combinations.
Categories versus a Continuum of Movements
Unsupervised Clustering Both Confirms the Results of Human Observation and Reveals Novel Behavioral Types
Unsupervised methods provide an unbiased way to analyze the structure in behavior and enable the systematic discovery of new features. Unsupervised approaches have been applied in different species to classify complex behavioral phenotypes arising from pharmacological, genetic, and optogenetic manipulations [7, 23, 26] , as well for discovery of behavioral motifs, based on the sequence of postures [22, 25, 27, 56] . Automatic methods may first be used to discover a low-dimensional representation of this posture space [20, 24, 25, 27, 28, 57] . Without a clear way to identify the boundaries of different movements, however, it can be a challenge to identify the set of movements at a single level in the behavioral hierarchy. Because our approach is based on discrete movements that zebrafish larvae perform (bouts and half beats), segmenting behavior in time is straightforward. Another practical issue is the selection of a representative dataset that includes a complete representation of the behavioral repertoire. Often data are collected over some period of spontaneous behavior [27, 28] , but a drawback of this is that the animal may use only a limited part of its behavioral repertoire during this period. In fact, many of the swim bout types observed here are only elicited in response to very specific stimuli. Of the thirteen bout categories identified, seven correspond well to ones previously described in ethological studies [14, 31, 32, 37, 39, 58, 59 ]. This indicates that our method is capturing a solution that is consistent with human judgement in discerning movement patterns. Our method also identified novel distinctions, and several lines of evidence suggest that these represent behaviorally meaningful distinctions. ASs, whereas they closely resemble slow swims, are mainly observed during prey capture behavior. J-turns and HATs appear very similar, but the distribution of other larvae preceding these two bouts shows that J-turns are used to orient toward the other fish, whereas the HATs are used to turn away. In similar fashion, analysis of both prey and social responses reveals distinct spatial patterns of stimulus specificity for most of the bout types. Two swim types that have been described previously but are not clearly identified in our data are struggles and S-starts [60, 61] . These swim types are likely to depend on direct touch and would therefore probably not be elicited in our assays. Categories at other behavioral levels have been less explored. Nevertheless, the distinct kinematics of the 1 st and 2 nd half beat of the C-starts (SLC 1 and SLC 2) and the initial bend of the J-turn have been described in detail and accordingly were captured in our analysis [14, 31, 58] . Our analysis captured many of the categories found by more traditional approaches but was able to identify novel ones, building a more complete understanding of the zebrafish larvae behavioral repertoire.
Neural Control of Movements
How do motor circuits produce distinct types of movements? The selection of swim bouts is dependent on the pattern of activity in brainstem reticulospinal neurons, together with other descending vestibulospinal or neuromodulatory projections, pathways which are conserved throughout vertebrate species [62] . In several cases, there is evidence for pathways dedicated to creating particular types of movements. An array of six segmentally arranged neurons, including the Mauthner cells, is activated during short latency escape behaviors [63] , encodes the direction of the swim, and is necessary for its production [64] . Imaging of reticulospinal neuron activity during the optomotor response found distinct groups of neurons activated by stimuli that evoke forward swimming or turns, and ablation of the turn-specific group showed that turning behaviors can be selectively eliminated [33, 36] . However, for most of the bout types and most reticulospinal neurons, this mapping, if it exists, is not yet known. In fact, some neurons have been found to control particular aspects of kinematics across multiple behaviors [65] or have been associated with graded recruitment of downstream motor circuits or modulation of kinematics within one bout type [10, 66] , and touch-evoked escapes have been associated with activation of most reticulospinal neurons [67] . Different populations of chx10-expressing reticulospinal neurons show either tonic or phasic activity during swimming [68] . It is possible therefore that some bout types are driven by the pattern of population activity, and the existence of classes reflects preferred activation patterns or is a property of the downstream circuit dynamics. Functional imaging in the optic tectum and habenula has revealed the activation of stereotyped neural assemblies, something which could provide a mechanism for selection of particular output patterns [69] [70] [71] . Although the individual movements of larval zebrafish are separated in time, there is evidence that the more continuous movements of other vertebrates show a similar blocked structure [27] . At the level of the spinal cord, genetically, morphologically, and functionally distinct pools of interneurons are differentially recruited at different frequencies of swimming [53, 72] , and related interneuron populations have been implicated in speed-dependent gait control in mice [73] . However, whether spinal cord mechanisms underlie the abrupt switch in gait observed at the bout level or whether this is instead imposed by descending inputs
is not yet clear.
Conclusions
We have developed a robust, unsupervised approach designed to identify the underlying structure in complex behavioral datasets and applied it to the locomotor behavior of the zebrafish larva. By incorporating datasets from a large range of contexts and analyzing data across different temporal scales, we generated a behavioral classification scheme that should be generally applicable. This scheme allows high-dimensional data to be converted into a simplified description, rooted in the underlying motor organization, which is therefore mappable onto neural circuit function and can provide a framework for the discovery of behavioral phenotypes.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS
Wild-type Tü bingen zebrafish larvae (Danio rerio) (6-7 days post fertilization) were used for behavioral experiments. Fish were reared on a 14/12 hr light/dark cycle at 28 C on sets of 20 in E3 water as described previously [74] . The sex of the larvae is not defined at this early stage of development. Experiments were performed at 28 C. Animal handling and experimental procedures were approved by the Champalimaud Foundation Ethics Committee and the Portuguese Direcç ã o Geral Veteriná ria and were performed according to the European Directive 2010/63/EU.
METHODS DETAILS
Behavioral set-ups The fish's movements were recorded using two custom made behavioral set-ups: a higher resolution set-up that enabled the tracking of the tail and eyes of one fish in a 2.5 3 2.5 cm area at 365 pixels per cm, and a lower resolution set-up that allowed for the tracking of the tail of up to nine fish in a 5 3 5 cm area at 170 pixels per cm. In both set-ups, a high-speed infrared sensitive camera (MC1362, Mikrotron-GmbH, Germany) is used to image the fish from above at 700 frames per second and a shutter time of 1423 ms. The highresolution set-up uses a Schneider apo-Xenoplan 2.0/35 lens (Jos. Schneider Optische Werke GmbH, Germany) and the low resolution set-up uses a Schneider apo-Xenoplan 2.0/24 lens (Jos. Schneider Optische Werke GmbH, Germany). Fish were illuminated by a custom made 10 3 10 cm LED-based diffusive backlight (850 nm) placed below the fish arena and the camera was fitted with a 780 nm long pass filter (RG-780, 25.4 mm Diameter, Longpass filter, Edmund Optics, USA) that blocked visible light. Visual stimuli were projected by a DLP projector (BenQ MS521P, Taiwan) onto a 150 mm x 150 mm opal glass diffuser (Edmund Optics, USA) 5 mm below the fish. Acoustic stimuli were delivered by two HP mini speakers (Hewlett-Packard Company, USA) attached to the arena.
Fish tracking and tail and eye segmentation Acquisition, stimulus presentation, fish tracking, and segmentation of the eyes and tail were performed online by custom written programs (C#, Microsoft, USA). In both set-ups, a model of the background is constructed by taking the mode of each pixel over a set of 50 frames, spaced at sufficient interval that the fish occupy different positions in each frame, and this is subtracted from each frame. For eye tracking in the high-resolution set-up, one of the eyes is found by locating the pixel with the largest absolute difference from the background. The other eye was located by finding the maximum pixel value around a circle, centered on the first eye, whose radius is set to the distance between the eyes. The shape of each eye was found by thresholding the image, at a level at which the eyes are distinguished from the background, and selecting the set of pixels that comprise each eye by performing two flood fills starting from the previously identified eye centers. The orientation of each eye in the horizontal plane was defined as the angle between the principal axis of the eye, calculated from the first and second order moments of the selected binary shape, and a line parallel to the midline of the larva (determined below). The middle point on a line joining the center of mass of each eye was defined as the larva's position (Head Position). The direction of the tail was determined by first finding the maximum pixel value on a 0.9 mm diameter circle around the Head Position, which corresponded roughly to the position of the swim bladder, and then taking the center of mass along a short arc centered on this direction. To avoid skewing of center of mass calculations by image noise at extreme points, pixels below a noise threshold were excluded. This threshold is set manually, since it is camera dependent, by inspecting the values outside the fish in the subtracted image. To evaluate tail curvature, we successively computed the angles of seven to ten tail segments 0.31 mm long. This was done by examining the pixel values along a 120 degree arc centered on the previously tracked point, and rotated to the angle of the previous tail segment. The center of mass of the pixel values along this arc was used to determine the direction of the next tail segment. Since the tail segments were of fixed length, a complete set of vector rotations were pre-calculated to minimize computational time. For calculating intensity profiles, bilinear interpolation was used to allow subpixel precision.
In the low-resolution rig, the fish were located using a different method similar to previous studies [10, 37] . Briefly, the absolute value of the subtracted image is smoothed by using a 9 pixel boxcar filter, which transforms each larva in the image into a shape with a single peak. The image is then thresholded at a level that clearly separates fish from the background, and the fish 'blob' is selected by a flood fill starting at the maximum point. The center of mass of this binary shape falls on a stereotyped location on the larva's body, and was considered as the position of each fish. Identification of the fishes' orientation, and tracking of tail curvature, was then performed exactly as in the high-resolution rig. Since the initial steps of both tracking methods identified slightly different, but stereotyped, locations on the fishes body, for subsequent analysis, tail curvature was interpolated to a standardized set of points in the tail spaced at 310 mm increments, starting at a point 1345 mm behind the midpoint between the two eyes.
Rotifer tracking
Identifying the location of rotifers across the whole image was difficult to execute in real-time, so we focused on a region centered on the fish's head, encompassing 240 degrees of angle and extending from an inner radius of 0.41 mm to an outer radius of 4.1 mm. A grid of points, spaced at around the image size of a rotifer, covering this region was scanned for pixels exceeding a threshold that separated rotifers from the background noise. When a point was located, it was used to seed a flood fill, and the centroid and area of the region was recorded. Sporadic errors due to background noise or the arena edges were filtered out by selecting shapes with a specified area range consistent with rotifer size. Images saved at fixed intervals were also used to automatically count the remaining number of rotifers and verify that the fish were successfully eating the prey.
Behavioral assays
Behavioral recordings were performed in acrylic transparent arenas that varied in shape and depth according to the set-up and behavior assay that was performed. For the forward OMR behavior a 8 mm depth arena was used, while for all other behaviors we used a 3 mm depth arena (for details see Table S1 ). Behaviors which did not require stimuli to be updated with the fish's position were performed in parallel in groups of seven fish. To confirm that results were not changed by the presence of other fish those behaviors were also performed with a single fish (Table S1) .
Stimulus parameters and numbers of animals for each dataset are listed in Table S2 . For each behavioral context, all stimuli were randomized for each fish. Depending on the particular duration of the stimulus protocols, experiments would last from 30 min to 2 hr. Optomotor response (OMR) directional stimuli were designed according to [36] and OMR forward stimuli as described in (Severi et al., 2014) [10] . The phototaxis paradigm was based on that used in [33] . For the looming avoidance dataset the expanding circle started 4 cm away from the fish. The spot expanded at a fixed linear rate for each stimulus and its position was updated based on the fish's location. For this dataset we only considered the bouts that were executed from the start of the stimuli to the moment the spot reaches the fish. For the acoustic startle and light transitions datasets only the first bout after the stimuli onset was considered for further analysis, and bouts that were initiated before the stimulus were excluded. For the phototaxis behavior we considered only the first three bouts performed by the fish after the stimulus onset. In the prey capture assays, single fish were fed with 50-100 live paramecia (Paramecium caudatum) or rotifers (Brachionus plicatilis) and were allowed to hunt for 1-2h. A subset of these fish was raised with living paramecia or rotifers from 4 days of age, while the rest had no prior experience of the prey.
Bout detection
To detect bouts reliably, we calculated a measure of change in tail curvature, developed empirically to capture small tail movements reliably, while filtering out small fluctuations due to tracking noise. To calculate this value, the raw tail angles were smoothed in space and time using a boxcar filter (3 segments, 10 frames), which reduced background noise during interbout intervals from small kinks in the tail measurement that derived from jitter in the location of individual tail points. The frame-to-frame change in this smoothed tail curvature was calculated at each point along the tail. We took the cumulative sum of this value along the tail, again emphasizing extended regions of curvature over local fluctuations, and then summed the absolute value of this measure. To remove unwanted effects of slow drifts in tail position, we subtracted the minimum of the previously obtained curvature measure over a 571 ms window. To smooth out fluctuations due to the periodic beating of the tail that might cause individual bouts to be divided, we then applied a maximum filter with a 30 ms window. For each fish the 80 th percentile of this tail motion measure was used as a threshold to segment individual bouts, to minimize differences due to variation in tracking accuracy between fish. If this value was exceeded for at least 43 ms, this was considered a bout, and interbout intervals were also required to have the same minimum duration. The precise start and end points, within these limits, was then determined from the raw tail position data, ignoring the gliding period of the bout. This method reliably identifies the start and ending of bouts as well as an expert human observer (difference from hand-picked bout start: 4.14 ± 3.66 ms, bout end: À3.62 ± 7.49 ms). Kinematic parameters were calculated using the data between these points. The tail curvature was calculated by:
with the functions F and G describing the midline position in x and y as a function of position s along the body at time t: x = F(s,t), y = G(s,t) [75] .
Half-beat detection
To detect half beats, we created, for each bout, a dynamic threshold that changes through both time and tail position, by using a 43 ms boxcar filter to smooth the original tail curvature values. The beginning and ending of half beats were found by locating points where the tail curvature data crossed this threshold. The most extreme value of each half beat was determined, for each segment, by calculating the maximum absolute value of the tail angle. Sometimes for bouts that started with a large tail deflection in one direction, the first half-beat that was detected was a very small passive deflection of the tip of the tail in the opposite direction. To allow consistency in beat numbering, in cases where such a small movement was followed by a much larger movement in the opposite direction, the larger movement was considered as the first half-beat.
Eye kinematics
For every bout where the eyes were tracked, an eye convergence index [76] was determined before and after each bout by calculating the average of the subtracted angles of the two eyes over 28.5 ms. These two values were used as a feature space to cluster bouts according to the eye convergence state before and after the bout. Four clusters were identified by clusterdv: 1) a cluster that corresponds to the initiation of a hunting sequence, where the eyes were diverged before the bout, but were converged after the bout, 2) another cluster that corresponds to the bouts the fish uses to pursue prey where the eyes were converged before and after the bout, 3) the final state of the hunting sequence, in which the eyes are converged before the bout and diverged after, and, finally, 4) a cluster that corresponds to bouts in which the fish is not hunting, with the eyes diverged before and after the bout.
Density valley clustering
Clustering analysis was performed by using density valley clustering (clusterdv). The details of the clusterdv clustering algorithm will be described elsewhere. Succinctly, local densities are estimated using Gaussian kernels using a MATLAB-based toolbox developed by Alexander Ihler (http://www.ics.uci.edu/$ihler/code/kde.html). After, we estimate the density profile along a set of straight lines connecting pairs of points and find the minimum density value for each density line. We then use the single link algorithm applied to those values to find the highest density valley between pairs of points. Based on that value we calculate the separability index (SI) by:
where r is the local density. The number of clusters for each dataset was determined by choosing the cluster centers that had positive SI values. The non-cluster center points were assigned, sequentially and in decreasing density order, to the same cluster of the nearest neighbor of higher density [30] .
Clustering analysis of behavioral datasets
A MATLAB (Mathworks, USA) script was used to compute 73 kinematic parameters for each detected bout (see summary in Table S3 ) and 18 half beat kinematic parameters for each detected half beat (Table S4) . PCA was performed on the bout and half beat kinematic parameters of our initial datasets. We embedded all of the bout data into a space, consisting of the first 4 PCs and the half beat data into a space based on the first 6 PCs. The 1794076 bouts in our initial dataset were divided according to the stimuli that produced them (see Table S2 ) with the exception of the bouts of the phototaxis and light dark transitions datasets, where bouts from some similar stimuli were pooled together, to increase the number of data points available. For the bout datasets, local densities were calculated using the entire dataset, while clustering analysis was applied to 3000 randomly chosen bouts. Half beats were drawn from a dataset composed of equal numbers of bouts of each type and were divided according to the position they occupy inside their respective bout. The data were further divided into sets of 2000 points. For the sequence dataset, only the stimuli that fish respond by executing multiple bouts were used. Clusterdv was applied to all half beat, bout, and sequence datasets.
Quantification and detection of tracking errors
Since we were concerned that our results could be adversely affected by tracking errors, we manually validated the tracking algorithm. Errors were likely to be more frequent in experiments with multiple fish, because our algorithm is not designed to follow fish which physically overlap. We initially checked 21,028 tracking examples sampled randomly from 6 experiments where 7 fish were tracked in the same arena for 1 hr or more. We displayed the tracking data overlaid on the raw image, where the fish are always clearly visible, and a human observer indicated if 1) the head of the fish is identified correctly, 2) the fishes heading is correct and 3) at least 8 points along the tail are correctly detected and 4) if any error was due to overlap with another fish. When the tracked fish was in an interbout interval, and not overlapping another fish, we could not detect any errors. During bout periods with no overlap, two tracking errors were observed, giving an error rate of 0.0859% ± 0.0576% (SE n = 6 experiments). More errors occurred because fish partially overlapped during tracking, although this still happened rarely, since the fish avoid each other. The frequency that the location of the head of the fish was not correctly identified was 0.0295% ± 0.0146%. Somewhat more frequently the direction of the fish was mistaken (0.1023% ± 0.0384%) or the curvature of the tail was not tracked correctly, because the tails overlapped at one or more points (0.2681% ± 0.0902%). However, to be conservative, we investigated whether tracking errors might be more frequently associated with certain types of bouts. Therefore, we performed a second analysis, where we only analyzed frames where bouts occurred, with all 13 bout types sampled as evenly as possible. In this case, looking at frames from 3128 bouts, in non-overlapping fish, tracking errors were observed at slightly higher frequency (0.44% ± 0.2236%). However, this could be almost completely explained by the fact that the previously identified rare tracking errors that occurred in the corners were always assigned into two otherwise poorly represented categories (LLC and LCS), and were consequently artificially enriched in this analysis. We identified a number of diagnostic criteria that allowed us to flag potential errors so they did not contaminate our analysis. Bouts with a minimum bout frequency smaller than 15 Hz resulted from failures to correctly two adjacent bouts, and were excluded. Other tracking failures consisted of large jumps in body angle caused by failures of the background model at the edges or overlap between fish. Bouts that had excessively high values of max angular speed/bout max angle (> 30 ms -1 ) or bout max angular speed (> 43 /ms), or a combination of the two (> 0.5 ms -1 ; >10 /ms) were verified as flagging tracking errors and excluded. Finally, all bouts were placed in the PC space and the bouts that had a 3 rd PC value larger than 10 also were excluded because we found that outliers in this region all had tracking mistakes. In the cases above where we observed tracking errors due to overlap during swim bouts, these were almost always flagged as suspect by the software (88% ± 8.333%), and other tracking errors were also flagged in all but one case.
Analysis to determine bout, half beat, and sequence types For each pair of clusters, we projected their points onto the line that best separated the two clusters, as identified by linear discriminant analysis (LDA), and calculated the area under the receiver operating characteristic (ROC) curve for the projected data. The ROC values for pairs of clusters that came from the same stimuli were inferred by averaging the 15 nearest neighbors [77] . The ROC values were embedded in a three-dimensional space using t-SNE (perplexity of 60 and maximum number of iterations of 1000) [40] , and clusterdv was applied to find the number of groups of clusters present. A range of perplexity values and maximum iterations were tested, and the clustering results were stable over a wide range around these parameter values. Since this may give different results depending on the initialization of the t-SNE process, we repeated this procedure 200 times, generating a matrix of the frequency with which pairs of points were assigned to the same cluster [41] . We performed single link clustering on this voting matrix to identify the most common partitions of the data [78] . The final number of classes was chosen by finding the longest surviving partition in the resulting dendrogram. Groups of clusters that were categorized into the same type were merged together. For bout and half beat categorizations, an equal number of elements of each type were randomly picked and reassigned using k nearest neighbors (k = 50) to clean up the boundaries. In the bout categorization case, this dataset (bout map) was used to assign all the remaining bouts using k nearest neighbors (k = 50). For the sequence type analysis, the bout probabilities, and bout transitions of second order and third order were embedded in 3 dimensions using t-SNE (perplexity of 30 and maximum number of iterations of 1000). The number of sequence types was then determined as with the bout and half beat types.
Bout type identification using non-metric multidimensional analysis
The bout clusters ROC values we embedded in a three-dimensional space using the MATLAB function for non-metric multidimensional analysis (mdscale, default parameters) (Mathworks, USA). Clusterdv was applied to find the number of groups of clusters present in the data. A dataset made of equal number of bout types was used to reassign the entire dataset using k nearest neighbors (k = 50).
Social behavior analysis
We analyzed the density of fish around each other by taking each individual fish in turn (focal fish) and rotating and translating the position of the other fish in the arena to center their location on the head of this fish. To correct for effects of position in the arena (for instance, when fish are facing the wall), we calculated the same distribution, but randomized the trajectories of each fish in time. We then took the ratio of these distributions to find to what extent the probability of finding another fish at each point was different from chance. To calculate the avoidance halo for each fish we smoothed this value with a 600 micron spatial Gaussian filter, and applied a threshold at 30% of control density, and calculated the area. A Wilcoxon rank sum test was performed to determine statistical significance (*p < 0.001). We should note that a limitation of our approach is that fish could not be distinguished if they were closer together than one head diameter (about 500 microns), although this occurred rarely (see previous section), and was on a scale that was much smaller than the observed exclusion distance. Similarly, for the bout analysis, in order to avoid tracking errors, we excluded cases where the 'stimulus' fish was detected within a rectangle of width 600 mm. along the first 1.2 mm of the tail of the focal fish. To calculate the densities of surrounding fish before different bout types, the bouts were first separated into left and right-directed swims based on the direction of the first half-beat. Since the locations where each bout type is executed are not necessarily distributed evenly within the arena, random control distributions were calculated separately for each bout type and direction. That is, each time a fish performed the relevant bout type, we picked the distribution of other fish at 30 random time points. This probability distribution, plus twice its standard deviation when sampled using the same number of bouts, was subtracted from the probability distribution taken at the correct time, to give a map of areas were fish were more likely to be found before a bout. The distributions were smoothed with a variable spatial Gaussian filter that allowed finer detail to be resolved in regions close to the fish. We first placed the raw distribution of positions into a space with equal azimuthal angle steps on one axis, and equal steps of angular size on the other. We then applied a Gaussian filter of standard deviation 14.4 degrees in azimuthal angle and 5.6 degrees in angular size. For the cross-correlation analysis, for each fish we constructed time series for each bout type in bins of 50 ms, with zeros at every position and ones where a bout was initiated. We then constructed similar time series for bouts occurring in other fish within 2 cm of the focal individual. The normalized cross-correlogram was calculated using the following equation:
C jk ðtÞ QðtÞ Ã dt Ã l j l k (3) such that the value in each bin represents the fold change in frequency of bouts observed at that time delay relative to chance. C jk ðtÞ is the average raw cross-correlation of bout occurrences j and k as a function of time delay t. QðtÞ = T À jt j where T is the duration of the bout sequences used in the cross-correlation [79] . l j is the average rate of bout train j. dt is the duration of one time bin.
Prey capture analysis
Rotifer density was calculated after rotating and translating the measured rotifer positions into the body coordinate frame of the larva. The average probability distribution for rotifers detected throughout the imaging period was subtracted from each bout-triggered distribution, to give a map of areas where rotifers were found more frequently than expected.
QUANTIFICATION OF STATISTICAL ANALYSES
Statistical analysis was performed using in-built functions in MATLAB (The MathWorks). The exact statistical tests, number of samples, p values, and definition of mean and dispersion are reported in the captions of Figures 3 and 4 . The exact number of fish and bouts for all behavioral datasets are summarized in Table S2 . To compare bout probability distributions across pairs of behavioral conditions ( Figure 3 and Figure S3 ), we first calculated the difference across the two conditions, and then recalculated this 5000 times, with the fish shuffled between conditions. We then picked a threshold percentile level in this shuffled data which a second set of shuffled differences would not pass for any bout 95% of the time, and considered any difference outside this range to be significant. This is based on the approach used in Fujisawa et al. [80] . To assess if bouts showed a tendency to occur in sequences, we compared the distribution of different pairs of consecutive bouts, with their distribution in data created by shuffling the order of all bouts within each fish. For each bout pair, the expected rate, based on the raw bout frequencies was calculated. The observed rate in real and shuffled data was then converted to a percentile of the cumulative probability density function of a poisson distribution with the expected rate. Finally, the distribution of this deviation measure across fish was compared between real and shuffled data using a two-tailed Wilcoxon ranksum test, with Bonferroni correction for the total number of sequence pairs tested (169). A similar analysis was done for bout triplets, but with the shuffled data generated using the first-order bout transition matrix.
DATA AND SOFTWARE AVAILABILITY
We have taken one particular approach here, based on the motivations described above, but the large dataset we obtained may, of course, allow for alternative descriptions, and different biological questions may require different ways to view the data. While we cannot explore all possibilities here, we provide a dataset of bouts, organized by behavioral conditions, including tail-tracking data, and, where available, eye positions and the kinematic parameters we calculated (https://doi.org/10.17632/r9vn7x287r.1, https://doi.org/10.17632/xf2zv4yhv8.1, https://doi.org/10.17632/bzh35dd2td.1, https://doi.org/10.17632/fgpbbv29rw.1, https:// doi.org/10.17632/6hsdh9gj89.1). We also include all information necessary to determine the timing and order of bouts in the behavioral sequences and the timing of sensory stimuli. To classify new data, if it is recorded with sufficiently high resolution, it can be interpolated into the same spatial and temporal units, and assigned directly using our bout map (https://doi.org/10.17632/7zjzvr5gnv.2). Alternatively, data of a different form (e.g., low time resolution data or trajectory data without tail tracking) can be categorized by developing an appropriate classifier using the raw data from our labeled training set, although there may be some loss of accuracy in discriminating classes. We also provide the tracking, bout, and half beat detection (https://doi.org/10.17632/8ttd68825b.5); behavioral cluster analysis (https://doi.org/10.17632/4yvcmck438.1); and clusterdv code (https://github.com/jcbmarques/ clusterdv).
